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The traﬃc input parameters in the Mechanistic Empirical Pavement Design Guide (MEPDG) are: (a) general traﬃc inputs, (b) traﬃc
volume adjustment factors, and (c) axle load spectra (ALS). Of these three traﬃc inputs, the traﬃc volume adjustment factors speciﬁcally
monthly adjustment factor (MAF) and the ALS are widely considered to be important and sensitive factors, which can signiﬁcantly aﬀect
design of and prediction of distress in ﬂexible pavements. Therefore, the present study was undertaken to assess the sensitivity of ALS
and MAF traﬃc inputs on rutting distress of a ﬂexible pavement. The traﬃc data of four years (from 2008 to 2012) were collected from
an instrumented test section on I-35 in Oklahoma. Site speciﬁc traﬃc input parameters were developed. It was observed that signiﬁcant
diﬀerences exist between the MEPDG default and developed site-speciﬁc traﬃc input values. However, the diﬀerences in the yearly ALS
and MAF data, developed for these four years, were not found to be as signiﬁcant when compared to one another. In addition, quarterly
ﬁeld rut data were measured on the test section and compared with the MEPDG predicted rut values using the default and developed
traﬃc input values for diﬀerent years. It was found that signiﬁcant diﬀerences exist between the measured rut and the MEPDG
(AASHTOWare-ME) predicted rut when default values were used.
 2016 Chinese Society of Pavement Engineering. Production and hosting by Elsevier B.V. This is an open access article under the CCBY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Traﬃc data are one of the important input parameters
required for the structural design and analysis of pave-
ments. Accurate characterization of traﬃc loading is
important to pavement design and performance assess-http://dx.doi.org/10.1016/j.ijprt.2016.09.003
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Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), htment, including pavement performance under weather
extremes. The equivalent single axle load (ESAL) approach
used for traﬃc characterization in AASHTO 1993 is no
longer needed in the Mechanistic Empirical Pavement
Design Guide (MEPDG) [1]. Instead, the MEPDG
requires axle load spectra along with diﬀerent types of dis-
tribution factors for various types of vehicles. Therefore,
development of traﬃc input parameters is essential for suc-
cessful implementation of the MEPDG for design and
analysis of new pavements and rehabilitation of existing
pavements. The MEPDG uses a hierarchical approach
(Level 1 through Level 3) for the development of traﬃchosting by Elsevier B.V.
ommons.org/licenses/by-nc-nd/4.0/).
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State/Regional Speciﬁc and Level 3 – National/default,
indicate a good, modest, and poor knowledge of past and
future traﬃc characteristics, respectively. Many researchers
have reported that utilization of Level 3 (default) traﬃc
input parameters may result in inconsistent and inaccurate
performance of a pavement design and analysis using the
MEPDG [Haider et al. [2], Romanoschi et al. [9], Ishak
et al. [7], Smith and Diefenderfer [11], Li et al. [8], and Tran
and Hall [12]]. Therefore, it was recommended that each
state in the United States develop Level 1 (site speciﬁc)
and Level 2 (state speciﬁc) traﬃc input parameters for suc-
cessful implementation of the MEPDG.
The traﬃc input parameters in the MEPDG are divided
into three categories: (a) general traﬃc inputs, (b) traﬃc
volume adjustment factors, and (c) axle load distribution
factors/axle load spectra (ALS). Of these three traﬃc
inputs, the traﬃc volume adjustment factors speciﬁcally
the monthly adjustment factor (MAF) and the ALS are
widely considered to be the most important and sensitive
factors, which can signiﬁcantly aﬀect design of and predic-
tion of distress in ﬂexible pavements. Developing traﬃc
input parameters require signiﬁcant eﬀorts and resources.
For example, a Weigh-in-Motion (WIM) station needs to
be installed for continuous traﬃc data collection. Then
these data need to be analyzed by the agency and the traﬃc
inputs need to be developed. Then these developed inputs
are used in the MEPDG software (AASHTOWare-ME)
to predict pavement performance such as fatigue cracking,
rutting, and roughness. Since developing these input
parameters are tedious and time consuming process, high-
way agencies need to know how frequently they require to
develop the traﬃc inputs. To address this issue and to
assess the sensitivity of the traﬃc inputs, speciﬁcally the
ALS and MAF, in this study, four years (from 2008 to
2012) of traﬃc data were collected from an instrumented
test section on I-35 in Oklahoma. The test section was
installed with a WIM station. In addition, rut measure-
ments using a Face Dipstick were conducted on a quar-
terly basis along the transverse direction of traﬃc ﬂow at
six diﬀerent locations on the test section for four years
(from May, 2008 to May, 2012). The site speciﬁc ALS,
MAF and other pertinent traﬃc and material input param-
eters were developed from these data. The developed ALSs
and MAFs, were compared among themselves and also
with the default input values in the MEPDG. Additionally,
the ﬁeld measured rut values were compared with the
MEPDG predicted rut values using the default and devel-
oped ALSs and MAFs.
2. Objectives
From the aforementioned outline, the primary objec-
tives of this study were to:
(a) Develop traﬃc input parameters for four consecutive
years using the data obtained from the test section;Please cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), ht(b) Compare MEPDG predicted rut using the default
(Level 3) and the site-speciﬁc (Level 1) traﬃc inputs;
and
(c) Compare the predicted rut using the Level 3 and
Level 1 traﬃc input values with the measured rut
from the test section.
3. Overview of the test section and field rut measurements
3.1. Location of the test section
The instrumented test section used in this study is
located in McClain County, Oklahoma, on the southbound
(right) lane of Interstate-35. To record the traﬃc data a
WIM station was installed approximately 1200-meter
south of the test section. The test section and the WIM site
starts at approximately mile post 95 and ends at mile post
91.
3.2. Layout of the test section
The test section consists of ﬁve pavement layers [6]. The
top layer is a Hot Mix Asphalt (HMA) surface course con-
sisting of a 50-mm thick Superpave mix having a nominal
maximum aggregate size (NMAS) of 12.5-mm. The second
layer is a HMA base course which is comprised of a 125-
mm thick Superpave mix of 19-mm NMAS. The HMA
mixes used to construct these layers contained a PG 64-
22 binder. The third layer is a 200-mm thick aggregate base
layer having ODOT type ‘‘A” gradation. The fourth layer
consists of a 200-mm thick subgrade layer stabilized with
12% Class C ﬂy ash. The bottom layer is a compacted nat-
ural subgrade soil, consisting of lean clay with a liquid limit
(LL) of 33 and a plasticity index (PI) of 15.
3.3. Instrumentation
Twelve asphalt strain gauges were installed to measure
longitudinal and transverse strains at the bottom of the
HMA layer. Also, one earth pressure cell was installed at
the top of each pavement layer, namely, natural subgrade
layer, stabilized subgrade layer and aggregate base layer
to measure traﬃc-induced normal stress. In addition, ﬁve
temperature probes were installed to measure temperature
variations in the HMA layer at depths of 5-mm, 50-mm,
90-mm, 180-mm and 254-mm from the pavement surface.
Three lateral positioning sensors were also installed on
the top of the HMA layer to address vehicle wheel wander
over the test section. A sketch of the instrumentation test
section is shown in Fig. 1 [6,10].
3.4. Rut measurements on the test section
Rut measurements were conducted on a quarterly basis
along the transverse direction of traﬃc ﬂow at all six test
stations (Stations 1 through 6). Two signiﬁcantly diﬀerentrameters on rutting performance of a ﬂexible pavement using Mechanistic
tp://dx.doi.org/10.1016/j.ijprt.2016.09.003
Fig. 1. Instrumentation layout of the test section.
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Dipstick were used to measure rut in the ﬁeld. After
observing rut measurement discrepancy in the initial stages
using the straight edge-rut gauge combination, this method
was discontinued and Face Dipstick was used in all the
subsequent rut measurements. In the ﬁrst four years of
pavement life (from May, 2008 to May, 2012), the test sec-
tion showed signiﬁcant rutting but no fatigue cracking [4].
The rutting progressions in all six test stations are pre-
sented in Fig. 2, with each curve representing the rutting
progression at a speciﬁc station. After roughly four yearsFig. 2. Rut progressions
Please cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), htof service, the maximum rut of 0.714-in. (18.14-mm) and
the minimum rut of 0.279-in. (7.11-mm) were observed at
Station 5 and Station 6, respectively. The average total
rut observed in the test section within this period was
approximately 0.551-in. (14-mm). Although the rut values
increased with time, most of the rut was accumulated dur-
ing the summer months. For example, out of 18.14-mm rut
measured at Station 5, approximately 12.11-mm was accu-
mulated during the summer months. Also, the rate of rut-
ting during the ﬁrst summer month was much higher than
in the second, third and fourth summer months, althoughon the test section.
rameters on rutting performance of a ﬂexible pavement using Mechanistic
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Similar rut accumulation behavior during summer months
has been reported in previous studies (e.g., AASHO road
test, NCAT test track).
4. Results and discussion
4.1. Development of MEPDG traﬃc input parameters
The WIM site was instrumented with inductive loops
and piezoelectric sensors to capture axle conﬁguration,
weight, distance between axles, and other pertinent data
for each vehicle passing through the test section.
A commercial software, TOPS, developed by Peek Traf-
ﬁc Corporation, was used to reduce the continuous traﬃc
data collected by the WIM station and then converted/
saved to Microsoft Excel format (.xlsx). Because of the
massive volume of these data, they were loaded from
Microsoft Excel to a MySQL database for faster process-
ing. The column ﬁeld of the MySQL database mostly com-
prises date, time, vehicle class, number of axles along with
their consecutive distances (i.e., distance between two con-
secutive axles) and their individual weights, etc. A program
was written in SQL (Structured Query Language) to
extract and process the data from this stored database.
This program was also used to assess the quality of the data
and eliminate outliers.
Level 1 traﬃc data, developed from four years (from
May 2008 to May, 2012) of continuous WIM data, were
used in this study. Therefore, in this paper, Year 1 is
denoted as data obtained within May, 2008 through
May, 2009, Year 2 is denoted as data obtained within
May, 2009 through May, 2010, and so on. From the axle
deﬁnition mentioned in the FHWA vehicle classiﬁcation,
the total number of single, tandem, tridem and quad axles
was counted from the WIM data and then axle per volume
was determined by dividing the total axle count by the total
volume. The SQL program also provides (month wise) axle
weights for each axle group and for each FHWA vehicle
classiﬁcation. These output data were then transferred to
Microsoft Excel and histograms were generated for
diﬀerent axle groups, on a monthly basis. The bin
ranges and intervals used to develop the histograms were
recommended by the MEPDG [1]. For example, the
ranges for single axles are 3 to 40-kips, for tandem axles
are 6 to 80-kips, and for tridem and quad axles are 12 to
102-kips. Detailed descriptions of the development of
traﬃc input parameters are reported in Ref. Hossain
et al. [5].
From the WIM data, the compound traﬃc growth rate
was found to be 2.78%. As mentioned earlier, three lateral
positioning sensors (LPS) were installed in a ‘‘Z”-shape, at
the test section, to capture the lateral traﬃc wander. Fig. 3
shows the distribution of traﬃc wander, which was gener-
ated using 3872 truck axles (steering and tandem) collected
from Year 1 and Year 2. It was found that the mean wheel
location was 15.5-in. (394-mm) from the lane marking. ThePlease cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
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mm). Comparatively, the default (Level 3) input for this
parameter is 18-in. (457-mm) and the standard deviation
is 10-in. (254-mm).
Vehicle class distribution (VCD) factors were developed
using four years of traﬃc data from the instrumented test
section. It should be note that the developed VCD in this
study from the test section is for truck traﬃc only (FHWA
vehicle Class 4 through 13). Fig. 4 shows the vehicle class
distribution factors developed in this study. From the dis-
tribution, it was observed that the highest percentage of
vehicle at this site is of Class 9 (approximately 60%) fol-
lowed by Class 5 vehicles (approximately 15%). This obser-
vation is consistent with previous studies (see e.g., [12].
From the Level 1 traﬃc data, it was observed that the
VCD data matche closely with the MEPDG truck traﬃc
classiﬁcation (TTC) of group 2.
Similarly, MAFs for all vehicles were developed using
the WIM data for four years. Although the MAFs were
developed for all vehicle classes, only the MAFs for Class
9 vehicles are reported in this study. Fig. 5 shows the
MAF distribution of Class 9 vehicles for four years. It
can be observed from the ﬁgure that, the MAF varies from
approximately 0.57–1.18.
Axle load spectra for four axle types (single, tandem, tri-
dem and quad) for all vehicles were developed using the
WIM data for approximately four years. As it was
observed that Class 9 vehicles are predominant among
the vehicles comprising of Class 4 through 13, the axle load
distribution for Class 9 was further analyzed. Figs. 6 and 7
show the axle load spectra for the four years of the single
and tandem axles of Class 9 vehicles. It is observed that
for single axles the distribution peaks around 11-kips axle
loads, which is the expected range for Class 9 single axles
[12]. Analyses of axle load spectra of single axles for other
vehicle classes showed similar results. Fig. 7 shows the axle
load spectra for Class 9 tandem axles. It can be observed
that there are two distinct peaks for the tandem axle distri-
bution: one between 12 and 16-kips, and the other between
30 and 34-kips.
4.2. Comparison of traﬃc inputs and variations of rut
prediction
4.2.1. Comparison of diﬀerent years of ALS distributions
Although the ALS distributions were developed for all
the vehicle classes (Class 4 to 13), only the ALS distribu-
tions for Class 9 vehicles are presented in this study for
comparison purposes.
Fig. 6 presents four years of average ALS distributions
for Class 9 single axles. It is seen that that the highest peak
value for the Class 9 single axles were approximately 30%
in Year 1 and the lowest peak value was approximately
26.5% in Year 4. The peak values for the other two years
(Year 2 and 3) fall in between these two values. Therefore,
there is approximately 3.5% diﬀerence in the peak values
for single axles in these four years.rameters on rutting performance of a ﬂexible pavement using Mechanistic
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Fig. 3. Statistical distributions of lateral traﬃc wander data.
Fig. 4. Vehicle class distribution factors.
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(Fig. 7), it is observed that the highest peak value for tan-
dem axles was approximately 10.5% in Year 1 and the low-
est peak value was approximately 9% in Year 4. Therefore,
there was approximately 1.5% diﬀerence in peak values for
tandem axles in four years. Overall, it is noted that
although there were numerical diﬀerences observed in the
ALS distributions in diﬀerent years, the diﬀerences were
not very signiﬁcant.4.2.2. Comparison of diﬀerent years of MAF distributions
As described previously, Fig. 5 shows the MAF distribu-
tion for Year 1 through 4. It can be observed that the low-Please cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), htest MAF for Class 9 vehicles on the test section was
observed in June of Year 2, and the highest MAF was
observed in May of Year 1. The average MAF value was
found to be 1 as expected, whereas the standard deviations
for varied from approximately 0.05–0.16. The variation in
the MAF value for Class 9 vehicles was highest in Year 2
and lowest in Year 4.4.2.3. Comparison of Level 1 and Level 3 ALS distributions
Figs. 8 and 9 show a graphical comparison of axle load
spectra between default (Level 3) and speciﬁc values (Level
1) obtained from four years’ data. Only single and tandem
axles for Class 9 vehicles are presented here. It is observedrameters on rutting performance of a ﬂexible pavement using Mechanistic
tp://dx.doi.org/10.1016/j.ijprt.2016.09.003
Fig. 5. MAFs for class 9 vehicles.
Fig. 6. ALS for single axles (Class 9 vehicles).
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are considerably higher than the default values. For exam-
ple, in case of single axles, the site-speciﬁc (Level 1) peak
value was found to be approximately 26–30% compared
to the default value (Level 3) of 18%. In case of tandem
axles, the site-speciﬁc peak values were approximately 9%
and 10% compared to the default values of 8% and 6%,
respectively. It is also observed from the ﬁgures that the
default (Level 3) ALS distributions can be signiﬁcantly dif-
ferent from the ALS distribution for a particular state or
region. These graphs demonstrate the need to develop
Level 1 axle load spectra for pavement design purposes.Please cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), ht4.2.4. Comparison of Level 1 and Level 3 MAF distributions
Fig. 10 shows a graphical comparison of MAFs for
Class 9 vehicles between Level 3 and Level 1 obtained in
Year 1. This can be observed that the default (Level 3)
MAF value in the MEPDG for any vehicle class is 1,
whereas, the actual site speciﬁc (Level 1) values vary. In
Year 1, the Level 1 MAF values for Class 9 vehicles varied
from 0.64 to 1.15. Similar observations were made for
other years of MAF data. The MAF values provide an idea
of seasonal/month-wise traﬃc volume and travel patterns
for speciﬁc regions. Therefore, these data can be extremely
useful to the state agencies in predicting traﬃc volume and
optimizing their utilization of resources.rameters on rutting performance of a ﬂexible pavement using Mechanistic
tp://dx.doi.org/10.1016/j.ijprt.2016.09.003
Fig. 7. ALS for tandem axles (Class 9 vehicles).
Fig. 8. Comparison of Level 3 and Level 1 ALSs for class 9 single axles.
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traﬃc inputs
To gain an insight into how the Level 1 and Level 3 traf-
ﬁc inputs aﬀect the pavement performance prediction, rut
values were predicted using the AASHTOWare-ME soft-
ware for Level 3 and Level 1, ALS and MAF distributions
and then compared with the ﬁeld measured values. Level 1
material data were used as an input during this exercise.
Table 1 shows the material input with their respective levels
in the MEPDG. Detailed discussion regarding the Level 1
material inputs is beyond the scope of this study, but canPlease cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), htbe found in Ref. Hossain et al. [3]. Developed ALS and
MAF data for Year 1 were used for this comparison.
Uncalibrated rut models in the MEPDG were used for this
purpose. Fig. 11(a) and (b) shows the comparisons of
MEPDG predicted rut and measured rut using Level 3
and Level 1 ALS data, respectively.
When rut was predicted using the Level 3 ALS and
MAF data, diﬀerences between measured and MEPDG
predicted rut values were found to be in the range of
3–42%, with an average error of approximately 16%
(Fig. 11a). For statistical characterization, student pairrameters on rutting performance of a ﬂexible pavement using Mechanistic
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Fig. 9. Comparison of Level 3 and Level 1 ALSs for class 9 tandem axles.
Fig. 10. Comparison of Level 3 and Level 1 MAFs for Class 9 vehicles in 2009.
Table 1
Summary of Levels of material input.
Pavement layers Major tests performed Input level
Asphalt layers Mixture volumetric properties tests Level 1
Dynamic modulus test
Dynamic shear rheometer test
Aggregate base layer Resilient modulus test Level 1
Stabilized subgrade layer Resilient modulus test Level 1
Natural subgrade layer Resilient modulus test Level 1
8 N. Hossain et al. / International Journal of Pavement Research and Technology xxx (2016) xxx–xxxt-test was conducted for diﬀerent periods of the rut mea-
surements in a year using the Level 3 ALS and MAF data.
The null hypothesis for this analysis was that the diﬀerence
in predicted and measured rut values was equal to zero and
an alternative hypothesis was that rut values were not
equal. A signiﬁcance level of 0.05 was assumed. APlease cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
Empirical Pavement Design Guide, Int. J. Pavement Res. Technol. (2016), htp-value of 0.05 or less indicates rejection of the null
hypothesis. From student’s one-tail t-test (assuming
unequal variances), the p-value was found to be less than
0.05 (p < 0), indicating that statistically signiﬁcant
diﬀerences exist among the predicted and measured rut val-
ues. These results also indicate that use of default inputrameters on rutting performance of a ﬂexible pavement using Mechanistic
tp://dx.doi.org/10.1016/j.ijprt.2016.09.003
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Fig. 11. Measured vs. predicted rut using (a) Level 3 and (b) Level 1 ALS & MAFs.
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ity of MEPDG rut models.
When using the Level 1 ALS and MAF data, the aver-
age error was found to be less than 10%, showing signiﬁ-
cant improvement in rut prediction using the
AASHTOWare-ME software (Fig. 11b). Student’s one-
tail t-test (assuming enequal variances) was performed
and the p-value was found to be 0.12, which is greater than
0.05. This means that there is no signiﬁcant diﬀerence
between the predicted and measure rut using Level 1 traﬃc
inputs. Therefore, it can be stated that using Level 1 traﬃc
data signiﬁcantly improves pavement performance predic-
tion and therefore improves the pavement design proce-
dure. The diﬀerences in rut prediction may further reduce
if calibrated rut models were used [3].4.2.6. Comparison of MEPDG rut prediction for diﬀerent
years of Level 1 ALS data
When rut was predicted using diﬀerent years of Level 1
ALS data, it was found that the diﬀerences in rut predic-
tion were insigniﬁcant. For example, the predicted total
rut after four years using the Year 1 ALS data was
0.457-in. (11.6-mm). Similarly, the predicted total rut using
the Year 2 and 3 ALS data was 0.457-in. (11.6-mm) and
0.459-in. (11.7-mm), respectively. Therefore, diﬀerences in
rut predictions using 3 consecutive years of Level 1 ALS
data were not signiﬁcant. Consequently, based on the data
from this study, it can be concluded that the agencies
should develop the Level 1 ALS data for every four to ﬁve
years for accurate pavement performance prediction.4.2.7. Comparison of MEPDG rut prediction for diﬀerent
years of Level 1 MAF data
When rut was predicted using diﬀerent years of Level 1
MAF data, it was found that the diﬀerences in rut predic-
tion were not very signiﬁcant. For example, the predicted
total rut after four years using the Year 1 MAF data was
0.457-in. (11.6-mm). Similarly, the predicted total rut using
the Year 2 and Year 3 ALS data was 0.444-in. (11.3-mm)
and 0.463-in. (11.8-mm), respectively. Therefore, diﬀer-
ences in rut predictions using 3 consecutive years of Level
1 MAF data were not signiﬁcant. Consequently, based
on the data from this study, it can be concluded that the
agencies should develop the Level 1 MAF data for everyPlease cite this article in press as: N. Hossain et al., Sensitivity of traﬃc input pa
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prediction.
5. Conclusions and recommendations
The Level 1 traﬃc input data were developed in this
study using four years of continuous traﬃc data collected
from an instrumented test section. Signiﬁcant diﬀerences
were observed between the Level 3 (MEPDG default)
and Level 1, ALS and MAF data. It was observed that
using Level 1 traﬃc data signiﬁcantly improves pavement
performance prediction and therefore improves the pave-
ment design procedure. Overall, the following conclusions
can be drawn from this study:
(a) With regard to ALS distribution for the Class 9 single
axle vehicles, the Level 1 peak value was found to be
approximately 8 to 12% higher than the default
(Level 3) values. In case of Class 9 tandem axles,
the Level 1 peak values were approximately 3 to 4%
higher than the default values.
(b) In case of MAFs for Class 9 vehicles, the values ran-
ged from 0.57 to 1.18. The average MAF value was
found to be 1 as expected, whereas the standard devi-
ations for varied from approximately 0.05–0.16. The
MAF data show seasonal variances in the traﬃc pat-
tern. Therefore, these data can be extremely useful to
the state agencies in predicting traﬃc volume and
optimizing their utilization of resources.
(c) When comparing MEPDG predicted rut using Level
3 ALS distributions and MAF values with the ﬁeld
measured values, it was observed that approximately
3–42% diﬀerence exists between the measured and
predicted values. Comparatively, the MEPDG pre-
dicted rut using the Level 1 ALS and MAF data show
less than 10% diﬀerence with the ﬁeld measured rut.
This observation signiﬁes the importance of develop-
ing Level 1 traﬃc input parameters.
(d) No signiﬁcant diﬀerence between the predicted and
measured rut value was seen when using the Level 1
ALS and MAF data for prediction. Therefore, it
can be concluded that transportation agencies need
to develop the Level 1 ALS and MAF data for accu-
rate ﬁeld performance prediction; however, these
data may not be needed for consecutive years.rameters on rutting performance of a ﬂexible pavement using Mechanistic
tp://dx.doi.org/10.1016/j.ijprt.2016.09.003
10 N. Hossain et al. / International Journal of Pavement Research and Technology xxx (2016) xxx–xxx(e) Although there were numerical diﬀerences observed
in the developed Level 1 ALS and MAF distributions
in diﬀerent years, the diﬀerences were not signiﬁcant.
Therefore, this it can be concluded that the agencies
should develop the Level 1 ALS data for every four
to ﬁve years for accurate pavement performance
prediction.
The following recommendations can be made for future
studies:
(a) Sensitivity of traﬃc input parameters can be studied
usingother distress parameters (e.g., fatigue, roughness).
(b) Calibration of the MEPDG rut models can be per-
formed using diﬀerent years of Level 1 traﬃc data.
This will provide an opportunity to assess the sensi-
tivity of these traﬃc inputs over calibration factors.
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